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ABSTRACT
This paper uses age-at-school-entry policies to identify the effect of female education on fertility and
infant health. We focus on sharp contrasts in schooling, fertility, and infant health between women
born just before and after the school entry date. School entry policies affect female education and
the quality of a woman’s mate and have generally small, but possibly heterogeneous, effects on
fertility and infant health. We argue that school entry policies manipulate primarily the education of
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Education is widely held to be a key determinant of fertility and infant health. From a
theoretical perspective, several causal channels have been emphasized. First, education
raises a woman’s permanent income through earnings, tilting her optimal fertility choices
toward fewer oﬀspring of higher quality (Becker 1960, Mincer 1963, Becker and Lewis 1973,
Willis 1973). Second, under positive assortative mating, a woman’s education is causally
connected to her mate’s education (Behrman and Rosenzweig 2002), so that the eﬀect of
education on household permanent income is augmented through a multiplier eﬀect. Third,
education may improve an individual’s knowledge of, and ability to process information
regarding, fertility options and healthy pregnancy behaviors (Grossman 1972).
On the empirical side, an extensive literature documents associations between education
and fertility and infant health (Strauss and Thomas 1995). However, whether these associa-
tions represent causal relationships has been the subject of debate. Early quasi-experimental
infant health research using diﬀerences in education between sisters who become mothers
points toward more muted eﬀects than the cross-sectional relationship, suggesting an im-
portant role for selection (Wolfe and Behrman 1987). On the other hand, more recent
quasi-experimental infant health research focused on primary school construction programs
in Taiwan (Chou, Liu, Grossman and Joyce 2003) and Indonesia (Breierova and Duﬂo 2004),
and on college openings in the United States (Currie and Moretti 2003), ﬁnds that there is a
causal eﬀect, and that observational comparisons may even understate the true causal eﬀect.
Recent quasi-experimental fertility papers (Black, Devereux and Salvanes 2004, Leon 2004)
similarly suggest the causal eﬀect is as large as the partial correlation.1
In this paper, we present new evidence on the eﬀect of female education on fertility and
infant health in the United States using school entry policies as an instrument for education.
In particular, we exploit the fact that the year in which a child starts school is a discontinuous
function of exact date of birth. For example, in California and Texas, our two study states,
1Oreopoulos, Page and Stevens (2005) present some evidence to the contrary.
1children must be 5 years old on December 1st (California) or September 1st (Texas) in the
year in which they begin kindergarten. As a consequence of these policies, children born
within one or two days of one another enter school at diﬀerent ages and have diﬀerent levels
of education throughout school enrollment. Because individuals born near in time are likely
similar along non-education related dimensions, diﬀerences in education at motherhood for
women born near these entry dates are arguably exogenous. The crux of our identiﬁcation
strategy is to compare fertility and infant health outcomes for mothers born just prior to, and
just subsequent to, the school entry date, and to relate the magnitude of these diﬀerences
to the education discontinuity.
Using large samples of birth records, we reach four key conclusions:
1. School entry policies have large eﬀects on schooling at motherhood: one-fourth of
young Texas mothers born after the school entry date have a year less education than
they otherwise would, had they been born before the entry date. For California, our
estimate is one-seventh.
2. Education does not signiﬁcantly impact fertility: women born just before and after the
school entry date are equally likely to become mothers and give birth at similar ages.
3. Education improves mating market outcomes: women born just after the entry date
have younger and less educated mates than women born just before.
4. Education does not signiﬁcantly impact observable inputs to infant health and has
generally small, but possibly heterogeneous, eﬀects on infant health: women born just
before and after the entry date have similar prenatal behaviors, as proxied by rates
of smoking and prenatal care, and give birth to children of similar health, as proxied
by birth weight, prematurity, and rate of infant mortality. There is some suggestive
evidence of diﬀerent eﬀects of education on low birth weight by race and ethnicity.
Implementing our identiﬁcation strategy requires information on date of birth, which
is unavailable on most public-use ﬁles. We use an administrative data set on all births in
California and Texas from 1989 to the present with information on mother’s date of birth
and education, infant health, pregnancy behaviors (e.g., smoking and drinking), and paternal
2characteristics.2 These data allow us to focus contrasts narrowly around the school entry
date, a challenge for earlier analyses in which either exact date of birth or large sample sizes
were wanting (Angrist and Krueger 1991, Cascio and Lewis 2006).
A narrow focus on individuals born near the school entry date builds on the quarter of
birth approach of Angrist and Krueger (1991). First, it sidesteps the criticisms of Bound,
Jaeger and Baker (1995) regarding seasonality of birth (assuming seasonal patterns are con-
tinuous at the school entry date). Second, it leads to a precise estimate of the relation-
ship between within-year birth timing and educational attainment, circumventing statistical
problems associated with weak instruments (Staiger and Stock 1997, Moreira 2003, Andrews,
Moreira and Stock 2006).
The crucial assumption underlying this approach is that for dates near the school entry
date, an individual’s date of birth is random. This assumption is plausible a priori, since
parents are unlikely to strategically plan the exact date of birth of their child. Moreover,
this assumption is testable—women born just before and after school entry dates should be
similar in terms of predetermined, observable characteristics. We ﬁnd that they are.
Proper interpretation of our estimates requires consideration of several features speciﬁc
to our approach. First, not all children will begin school in the year predicted by school
entry policies. The parents of a child born before the school entry date may hold their child
back by a year, and the parents of a child born after the school entry date may petition for
their child to start school a year before typically allowed, or may start their child in private
school.3 For neither type of child will schooling progression be aﬀected by school entry
policies. This suggests that our estimates may disproportionately reﬂect the experience of
women from low socio-economic backgrounds, whose parents are somewhat more likely to
comply with school entry policies (Elder and Lubotsky 2006).
Second, even if school entry policies aﬀect a woman’s schooling progression, they may
2Maternal date of birth was added to the standard U.S. birth certiﬁcate in 1989, but is not included in
public use birth certiﬁcate data from the National Center for Health Statistics.
3Elder and Lubotsky (2006) estimate that 93 percent of children begin school in the year predicted by
statewide school entry policies. This estimate is similar to many of the estimates in Cascio and Lewis (2006).
3not aﬀect education at motherhood. For example, for a woman intent on obtaining a spe-
ciﬁc level of schooling before dropping out and beginning a family, education at mother-
hood is unaﬀected by the timing of school entry. School entry policies aﬀect education at
motherhood for two types of women: those still enrolled in school and those who have al-
ready completed schooling, whose school-leaving decision was age-dependent (i.e., not just
schooling-dependent). For example, a woman who drops out of school at the earliest age
allowed under a typical compulsory schooling law will have fewer years of education if she
starts school late (Angrist and Krueger 1992).4 This suggests that our estimates may be
most relevant for women at risk of dropping out of school. Such women are likely to give
birth at earlier ages than women intent on attaining a speciﬁc level of schooling, such as a
college degree. Empirically, we ﬁnd that school entry policies exert the greatest impact on
the education of women giving birth at young ages. Thus, we stratify most of our analysis by
age, focusing on women age 23 or younger, for whom our ﬁrst stage relationship is strongest.
Third, if the dropout decision is aﬀected by both current age and schooling level, and if
school completion is a binding constraint on fertility timing, then we should expect to see
eﬀects of school entry policies on two factors that potentially aﬀect infant health—education
at motherhood and age at motherhood. In general, this would lead to a failure of the
order condition for instrumental variables (fewer instruments than endogenous regressors),
preventing consistent estimation of the eﬀect of female education on infant health without
additional instruments. However, surprisingly, we document that school entry policies aﬀect
neither the probability of becoming a mother nor age at motherhood. This suggests that
for women whose dropout decisions depend on schooling level, schooling completion is not
a binding constraint on fertility timing. Importantly, this also implies that our approach
4Age at school leaving laws are not the only plausible reason for dropout decisions to depend on age.
Additional plausible mechanisms include a desire to begin working life, perhaps triggered by minimum work
age policies (Lleras-Muney 2002), the availability of welfare, or contraceptive failure. Indeed, for some
years, Texas’ compulsory schooling law requires individuals to ﬁnish the grade they start when they become
compulsory schooling age (Texas Education Code, Section 21.032, 1984, Section 25.085, 1995). In such a
circumstance, compulsory school leaving laws do not lead to diﬀerences in education for those starting school
at diﬀerent times.
4identiﬁes an education eﬀect unconfounded by selection into motherhood and unconfounded
by age at motherhood.
Fourth, education at motherhood may diﬀer from completed education if women return
to school after childbirth. This is important because a temporary reduction in schooling
will not necessarily aﬀect permanent household income, whereas a permanent reduction in
schooling would be expected to, because of the labor market return to schooling. Schooling
reductions are likely to be permanent if women ﬁnd it diﬃcult (even if desirable) to return
to or complete school after having children. In the National Longitudinal Survey of Youth,
school enrollment rates subsequent to birth are strongly inversely related to age at ﬁrst birth.
Even for those who do return to school, completion of schooling is less likely than for those
not having children. These patterns are consistent with the notion that hours spent caring
for children crowd out hours required to attend or study for school and suggest that for
the women in our sample, schooling diﬀerences we observe at motherhood may well become
permanent schooling diﬀerences. Indeed, some of our results indicate income diﬀerences
between women born before and after the cutoﬀ date, suggesting that schooling reductions
may be permanent. This observation suggests that there may heterogeneity by age in the
eﬀects of education on infant health, an issue we address below, but ﬁnd little evidence
to support. While temporary and permanent reductions in schooling may lead to diﬀerent
eﬀects on income, both temporary and permanent reductions in schooling may aﬀect learning
and the ability to process information, the causal pathway emphasized by Glewwe (1999).
The remainder of the paper is organized as follows. In Section II we describe the mecha-
nisms by which education could aﬀect fertility and infant health and brieﬂy summarize the
existing literature on the topic. In Section III, we discuss our identiﬁcation strategy, as well
as our approach to nonparametric estimation, model selection, and inference. After describ-
ing the data we use in Section IV, we present the results of our estimation in Section V.
Section VI presents evidence on heterogeneous eﬀects and discusses a variety of important
interpretation issues. Section VII concludes.
5II. Conceptual Issues
A. Why Should Education Matter?
In broad terms, education may aﬀect a woman’s fertility and child-investment choices
through either income or learning (Michael 1973).5 Education increases a woman’s income
stream through both the labor market and the mating market, the latter through assorta-
tive mating. In addition to the income channel, education may improve a woman’s stock
of knowledge regarding contraceptive technologies or healthy pregnancy behaviors, either
because it augments her knowledge directly (i.e., educational curricula are important), or
because it improves her ability to absorb and process information generally. We next describe
each of these mechanisms in turn.
The income channel operates through the well-documented eﬀect of education on labor
earnings. In a comprehensive survey, Card (1999) concludes that by the 1990s, the causal
eﬀect of an additional year of education on annual earnings for both women and men in
the United States was around 15 percent.6 The notion that an exogenous increase in a
woman’s income may lead to reduced fertility is present in the earliest treatments of the
neoclassical model of fertility (Mincer 1963, Willis 1973). In these models, households do
not value children per se, but what Willis terms “child services”—the product of the number
of children and the average quality of those children. A key idea is that production of
child services is time-intensive relative to other activities for the woman. As the value of a
woman’s time rises, she generally substitutes away from consumption that is highly time-
intensive (Becker 1965) and hence desires fewer children. These predicted eﬀects of education
on fertility map naturally into predicted eﬀects on child quality. Assuming child services are
a normal good, falling fertility in response to rising income requires that child quality be
5Other potentially less important eﬀects include the eﬀect of education on job-related stress, operating
through occupational choice.
6See Card’s Table 1 and summary at p. 1855. Taking the return to education to be constant over the life
cycle, this implies that an exogenous additional year of schooling raises by 15 percent an individual’s present
discounted value of expected income, or Friedman’s (1957) concept of permanent income. Permanent income
seems closest to the notion of income used in most of the early static models of fertility (see, for example,
Willis (1973), pp. S22, S48, S52).
6an increasing function of income. Cross-price eﬀects such as these were ﬁrst emphasized by
Becker and Lewis (1973) and Willis (1973).7
Predictions based on the income channel are further sharpened by positive assortative
mating, or the tendency for men and women of similar education to pair (Behrman and
Rosenzweig 2002). Under this type of stratiﬁcation, an exogenous increase in a woman’s ed-
ucation leads to a mate of higher education, further increasing household permanent income
through a multiplier eﬀect.
In addition to the income channel, the literature has stressed the role of education in aug-
menting an individual’s stock of health knowledge.8 With respect to fertility, Rosenzweig
and Schultz (1989) provide evidence that a woman’s education explains ability to eﬀectively
use contraception. With respect to infant health, Thomas, Strauss and Henriques (1991)
show that education predicts a woman’s ability in regards to, or perhaps interest in, infor-
mation acquisition and processing.9 One of the most frequently-cited examples is smoking
(Currie and Moretti 2003). Through anti-smoking campaigns in schools or health class,
children could learn about the dangers of smoking and be discouraged from adopting the
habit. Glewwe (1999) argues that the most important mechanism for knowledge gain is not
directly via curricula; rather the skills obtained in school facilitate the acquisition of health
knowledge. Grossman (1972) formalizes these ideas by viewing education as a productivity
shifter in the household production function for health.
Since education can aﬀect infant health through several diﬀerent channels and the in-
tensity of these channels may not be the same for all levels of education nor for all sub-
populations, the eﬀect of education on infant health may diﬀer across studies. For example,
Currie and Moretti (2003) use college openings to study the eﬀect of maternal education on
infant health. The women whose schooling attainment at motherhood is aﬀected by college
openings are those women with a high level of education generally. As we show below, our
7For an early empirical examination of this trade-oﬀ using twins, see Rosenzweig and Wolpin (1980).
8See, for example, Willis (1973, p. S51)
9Kenkel (1991) argues that the Grossman eﬀect cannot explain the entire relationship with regard to
adult health.
7study focuses on the causal role of education for women with a low level of education gener-
ally. Educational levels that appear to be aﬀected in our study are in the range of eighth to
twelfth grade, with a muted eﬀect on the ﬁrst two years of college. This subpopulation is of
interest for several reasons. First, the observational infant health return to education is de-
clining in the level of education. Second, the labor market return to education is declining in
education (Card 1999). Third, young women at risk of dropping out of school are frequently
the target of speciﬁc policies aimed at reducing fertility and improving infant health.
B. What Does the Eﬀect of Education Represent?
The model of fertility and child investment outlined above suggests that infant health is
a function of (i) maternal choice variables (e.g., smoking while pregnant) and (ii) maternal
endowments (e.g., genetic makeup). A general health production function takes the form
Y = f(X,W), where Y is a measure of the health of a particular mother’s newborn child, X
is a vector of maternal choice variables, and W is a vector of maternal endowments. Elements
of W are ﬁxed from the mother’s perspective. However, a mother’s schooling could aﬀect
her health inputs, elements of X. Demand for health inputs may be expressed as a general
function of resources, endowments, and the demand for schooling, X = g(S,I,W), where S
denotes schooling and I denotes resources. Resources are meant to be interpreted broadly
as non-schooling factors that aﬀect a mother’s choice of health inputs. One such resource is
income, which may lead to higher quality prenatal care, for example. Combining, we have
Y = f(g(S,I,W),W) (1)
Thus, the relationship between schooling and infant health is an admixture of the partial
















8This clariﬁes that the eﬀect of education on infant health is inherently a reduced-form pa-
rameter summarizing (i) the impact of schooling on health inputs (
∂g
∂S), (ii) the impact of
schooling on resources ( ∂I
∂S), (iii) the impact of resources on health inputs (
∂g
∂I0), and (iv) the
impact of health inputs on infant health (
∂f
∂X).
The ﬁrst term of equation (2) is the focus of Grossman’s (1972) model of health capital.
In particular, it is the eﬀect of education on health inputs via health knowledge and the
ability to process information. The second term of equation (2) represents the indirect eﬀect
of education via resources. A woman’s education may aﬀect her income and her choice of
mate, which in turn could alter her choice of health inputs.
In this paper, we are unable to distinguish between the direct/Grossman eﬀect and the
indirect eﬀect. Nevertheless, this distinction is important. It highlights the potential for
heterogeneous education eﬀects as there are several mechanisms by which education could
potentially improve infant health. In the present case, the eﬀect of education may diﬀer
considerably based on whether the mother is still enrolled in school, as discussed above.
Before proceeding, we note that analogous expressions may be developed relating female
education to fertility decisions. A key diﬀerence is that a woman may be able to exercise
choice over her fertility more readily than choice over the health of her oﬀspring. This may
be captured in the model above by ascribing a more limited role for genetic factors regarding
fertility than regarding infant health.
III. Methodology
Consider a partially linear approximation to equation (1),
Y = θS + τ(W) + ε (3)
where θ represents the reduced-form causal parameter in equation (2), τ(·) is a general
mapping, and the residual ε is meant to capture other factors potentially aﬀecting infant
9health (e.g., maternal age).10,11
Identifying the eﬀect of education on infant health, θ, requires solving two diﬃcult prob-
lems. The ﬁrst problem is the endogeneity of schooling. For example, education at mother-
hood may be related to family background, which may be related to infant health through
non-schooling mechanisms. The second problem is sample selection. Education may aﬀect
a woman’s decision to have children, leading to a selected sample of those observed giving
birth. The standard regression discontinuity approach will, under continuity assumptions,
circumvent the endogeneity problem. However, except in unusual circumstances, it will
not circumvent the sample selection problem. Problems with both endogeneity and sample
selection lead to two endogenous regressors, necessitating two instruments instead of one.
To describe our solution to these two identiﬁcation problems, let us for the moment ignore
sample selection issues and assume that mothers are a random sample of women. Empirically,
we will show that schooling is a discontinuous function of day of birth. Consider the model
S = n(R) + βD + v (4)
where R is an individual’s day of birth relative to the school entry date for the state in which
the individual begins school, n(·) is a continuous function, D = 1(R > 0), and v is mean
zero given R (cf., Porter 2003). For example, R = 0 for an individual born on the school
entry date, and R = 5 for an individual born 5 days after the school entry date.12 In this
notation, the parameter β measures the discontinuity in expected schooling at the school
entry date, or the vertical gap at r = 0 in the conditional expectation of S given R = r.
Equation (4) may be thought of as the “ﬁrst stage” equation in a simultaneous equation
10The additive separability in equation (3) is not critical to our approach. For example, one could instead
use an approximation that included interaction terms between schooling and endowments. Richer estimation
equations such as these are, however, rare in the literature.
11Factors captured in the residual may be correlated with schooling.
12All individuals born on the same day but in diﬀerent years will have the same value of R.
10system, where the structural equation is given in (3). The “reduced-form” equation is
Y = m(R) + αD + u (5)
where α = θβ and u is an error term.13 This equation may be derived by substituting
equation (4) into equation (3) and taking the conditional expectation of Y given R.
Discontinuity in the conditional expectation of infant health at the school entry date iden-
tiﬁes α+limr↓0 E[τ(W)|R = r]−limr↑0 E[τ(W)|R = r]+limr↓0 E[ε|R = r]−limr↑0 E[ε|R = r].
This will be diﬀerent from α generally. If the conditional distribution of W given R = r is con-
tinuous in r, then limr↓0 E[τ(W)|R = r]−limr↑0 E[τ(W)|R = r] = 0.14 If the conditional dis-
tribution of ε given R = r is continuous in r, then limr↓0 E[ε|R = r]−limr↑0 E[ε|R = r] = 0.
If both these conditions hold, then α is identiﬁed from the infant health discontinuity. In
words, we assume (i) continuity of background characteristics in day of birth, and (ii) con-
tinuity of unobservable characteristics in day of birth. The ﬁrst assumption is testable if
background characteristics are observed. We demonstrate continuity of background charac-
teristics in Section V, below. The second assumption is plausible on prior grounds and is
partially corroborated by failure to reject tests of the ﬁrst assumption.
Under these two assumptions, θ may be consistently estimated by a sample analogue to
limr↓0 E[Y |R = r] − limr↑0 E[Y |R = r]





as emphasized by Hahn, Todd and van der Klaauw (2001).15 Thus, the regression disconti-
nuity approach circumvents the endogeneity problem.
Consider now the problem of sample selection. We only observe infant health, Y , for the
13In terms of our earlier notation, m(R) = θn(R) + E[τ(W)|R] and u = θv + τ(W) − E[τ(W)|R] + ε.
14This holds even if τ(·) is discontinuous. Proof available on request.
15An unaddressed issue in the regression discontinuity literature is the importance of non-classical mea-
surement error. The results of Kane, Rouse and Staiger (1999) indicate that our estimates, which are small,
likely overstate the true eﬀect, since education is measured with non-classical measurement error and our
infant health measurements are arguably free from error.
11subset of women who decide to become mothers. Nonetheless, we can consistently estimate
population conditional expectations with the inclusion of an additively separable control
function (Gronau 1974, Heckman 1976, 1979). Consider an estimation equation for the
observed data, with Yij denoting infant health for woman i with day of birth Rj, and Pj the
conditional probability of giving birth given Rj:
Yij = m(Rj) + αDj + λ(Pj) + vij (7)
where the control function λ(Pj) corrects for sample selection. The speciﬁc functional form
of λ(·) depends on distributional assumptions. For example, under bivariate normality of vij
and the unobserved component of the decision to become a mother, λ(p) ∝ p−1φ(Φ−1(p)) or
the inverse Mills ratio (Heckman 1979, Ahn and Powell 1993, Das, Newey and Vella 2003).16
Under general conditions, λ(·) is continuous.17 Continuity of λ(·) and m(·) imply that
if the probability of motherhood is smooth in day of birth, then e m(·) is continuous, where
e m(Rj) ≡ m(Rj) + λ(Pj).18 We may thus rewrite equation (7) as
Yij = e m(Rj) + αDj + vij (8)
This clariﬁes that sample selection poses no diﬃculties if the probability of motherhood is
unaﬀected by school entry policies. However, if the probability of motherhood were aﬀected
by school entry policies then e m(·) would be discontinuous and point identiﬁcation would not
be possible without further modeling.19 We document that the probability of motherhood
16We are able to accurately estimate Pj, despite a lack of longitudinal information, by comparing the
number of women born on birthday Rj—i.e., the risk set for becoming a mother within our sampling
frame—to the number of women observing becoming mothers within our sampling frame who have birthday
Rj (see Section IV, below).
17Suﬃcient conditions include, for example, existence of E[vij] and a joint density function characteriz-
ing the distribution of the vij and the residuals in the observation equation (proof available on request).
Continuity of λ(·) is freely assumed in the nonparametric sample selection literature (e.g., Das et al. 2003).
18This deﬁnition is coherent since Pj depends only on Rj.
19If there were a discontinuity in the probability of motherhood in day of birth and no instrument for
observation were available, the approach of Lee (2005) could be used to bound the treatment eﬀect.
12is a smooth function of day of birth (see Section V, below). This is surprising in light of the
negative association between income and fertility documented in other work. Nonetheless,
the substantive implication of these results is supported by our analysis of age at ﬁrst birth,
which shows that age at motherhood is a similarly a smooth function of day of birth.
To the best of our knowledge, school entry policies are the only educational intervention
studied in the literature that do not aﬀect fertility. This is important for two reasons.
First, an eﬀect on the probability of giving birth creates sample selection problems that
would lead to bias, as discussed above. Second, an eﬀect on age at birth would lead to
ambiguities of interpretation. For example, an educational intervention inducing women to
attend college would delay fertility mechanically. Since a woman delaying fertility from 18
to 22 on average improves her baby’s health at birth (Royer 2004), this would lead to a
failure of the order condition for instrumental variables estimation—i.e., more endogenous
regressors than instruments. School entry policies are thus a unique setting in which it is
possible to isolate a pure eﬀect of education on infant health.
With only minor alterations to the discussion, the parameters α, β, and θ may be cast as
random variables rather than as constants in the population (cf., Card 1999, Appendix A.2).
As emphasized by Hahn et al. (2001), there is a direct analogy between the probability limit
of a regression discontinuity estimator and the local average treatment eﬀect interpretation
of the instrumental variables estimator. In particular, under a monotonic eﬀect of school
entry policies on schooling, a regression discontinuity estimator will identify the eﬀect of
schooling on fertility and infant health for those persons whose educational attainment is
causally aﬀected by school entry policies. As noted in the introduction, this subpopulation
likely does not represent a random sample of the overall population, but rather a low socio-
economic status subpopulation at risk of dropping out of school early.
However, monotonicity is not guaranteed. The eﬀect of school entry policies on schooling
would not be monotonic if, for example, a woman’s parents would choose to delay her
entrance into school if she were born before the school entry date, but would choose to
13petition the school district to allow her to begin school early if she were born after the school
entry date. To take another example, monotonicity would be violated if a woman would
eventually complete more schooling if she were born after the school entry date, than she
would if she were born before the school entry date. This could occur if, for example, being
older throughout school progression made it easier to complete more schooling.
On the other hand, as emphasized by Angrist and Imbens (1995), monotonicity is par-
tially testable, because it implies that at each point of the education distribution, the prob-
ability of attaining at least that level of education for individuals born before the cutoﬀ date
must exceed the probability for those born after the date.20 In Section V, below, we develop
a regression discontinuity analogue to the estimator given in Angrist and Imbens (1995) for
the average causal response weights. The results corroborate the monotonicity assumption.
Estimation of equation (8) may be accomplished in a variety of ways. The recent em-
pirical regression discontinuity literature has focused on global polynomial estimators (see,
for example, the references given in Lee and Card 2006).21 However, Hahn et al. (2001) ad-
vocate an adaptation of local linear regression, a nonparametric smoother studied in detail
in the statistics literature (for an overview, see Fan and Gijbels 1996) and known to exhibit
good boundary properties.22 These two procedures are generally competitive, with diﬀering
strengths and weaknesses.23
20That is, the distribution function of schooling for those born after the school entry date must lie entirely
to the left (or right) of the distribution function of schooling for those born before the school entry date.
The key condition is that the distribution functions cannot cross.
21The global polynomial estimator may be viewed as a nonparametric series estimator if one contemplates
increasing the number of polynomial terms as the sample size grows (Pagan and Ullah 1999, Section 3.8).
22Porter (2003) presents detailed distribution theory for the estimator proposed by Hahn et al. (2001), as
well as for an estimator partly inspired by Robinson (1988) that generalizes more easily to higher dimensions.
23Each procedure requires the researcher to choose a tuning parameter. For global polynomial regression,
one must choose an order of polynomial and whether to allow the polynomials to diﬀer depending on the
side of the discontinuity. For local linear regression, one must choose a bandwidth. Each approach has its
strengths. For the global polynomial estimator, one strength is that its implementation is simple; a second
is that it is easy to conduct hypothesis testing and goodness-of-ﬁt tests such as those conducted in Lee
and McCrary (2005); and a third is that there exists a simple data generating process for which the global
polynomial estimator is the maximum likelihood estimator. For the local linear estimator, one strength is
that it is more ﬂexibile in accomodating regression functions of various shapes. This ﬂexibility is reﬂected
in the impressive minmax eﬃciency of the local linear estimator (Fan and Gijbels 1996). A second strength
is that the local linear asymptotic thought experiment of a shrinking bandwidth sequence is more tightly
linked to the general regression discontinuity thought experiment than the global polynomial asymptotic
14We estimate equation (8) using local linear regression in a two-step procedure. The ﬁrst
step is a simple least squares regression of Yij on day of birth ﬁxed eﬀects (i.e., ﬁxed eﬀects
for each Rj) and background characteristics of the mother which are smooth functions of
Rj—(i) the year of the administrative data set, (ii) the mother’s race and ethnicity, and
(iii) the mother’s age. We include these background controls for variance reduction only.24
Then, using the day of birth ﬁxed eﬀects from the ﬁrst step, we estimate the conditional
expectation using local linear regression.25
Let Y j denote the ﬁxed eﬀect coeﬃcient corresponding to Rj coming from the ﬁrst step.
Then our estimator for α, the eﬀect of school entry policies on Yij, is the coeﬃcient estimate
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Kh(Rj) (9)
where Kh(t) = h−1K(t/h) with the boundary optimal kernel K(t) = max{0,1−|t|} (Cheng,
Fan and Marron 1997) and h is the bandwidth.26 Because the local linear regression is
simply a weighted least squares regression at the grouped level, accurate inference under
mild assumptions is available from White’s (1980) variance estimator at the group level.27
This is analogous to estimating a grouped regression at the group level (Wooldridge 2003).
The discontinuity in schooling, β, may be estimated similarly. The ratio of the infant
thought experiment of an increasing order of polynomial.
24This is analogous to standard practice with randomized controlled trials (cf., Katz, Kling and Lieb-
man 2001).
25This is a simple strategy for estimating a partially linear model (cf., DiNardo and Tobias 2001, Yatchew
1997, and references in Porter 2003). As estimates of the coeﬃcients on the background characteristics are √
n-consistent (Robinson 1988), whereas the main objects of our interest are
√
nh-consistent (where h is a
bandwidth parameter), the ﬁrst-step estimation does not aﬀect our second-step standard error calculations
(Newey and McFadden 1994, Section 6.2).
26More generally, the entire conditional expectation of Yij given Rj may be estimated by looping through
potential evaluation points r. For each speciﬁc r, the estimate of the conditional expectation is given by
the constant from a weight least squares regression program similar to that given in equation (9) but with
α = π2 = 0, Rj replaced by Rj − r, and Kh(Rj) replaced by Kh(Rj − r){1(r > 0)Dj + 1(r ≤ 0)(1 − Dj)}.
This is the procedure we use to produce nonparametric curve estimates, such as those in our ﬁgures.
27We also adjust our standard errors by the Lee and Card (2006) correction factor, altered to reﬂect our
use of local linear techniques. However, this aﬀects our standard error calculations only for the probability
of motherhood, partially corroborating the ﬁt of our local linear models.
15health to the schooling discontinuity estimates the causal the eﬀect of schooling on infant
health for compliers, and the delta-method leads to accurate inference (Porter 2003).28
To implement our second-step local linear procedure, we must specify the bandwidth, h.
There are many automatic bandwidth selectors for nonparametric regression. Fan and Gij-
bels (1996, Section 4.2) provide a simple automatic procedure for the local linear regression
context, and we use this procedure as a guide (see Appendix Table 1).29
All automatic selectors strive to select a bandwidth that minimizes the mean squared error
of the estimator. However, for inference procedures, it is not desirable to use mean squared
error minimizing bandwidths (Pagan and Ullah 1999). Intuitively, minimizing the asymptotic
mean squared error with a biased estimator involves accepting asymptotic bias in order to
reduce asymptotic variance. The bias leads to bad centering of conﬁdence regions and poor
coverage rates. Because of this, the standard approach to inference in a nonparametric
setting is to choose an under-smoothed bandwidth, following Hall (1992).30 We use the Fan
and Gijbels selector for the purposes of curve estimation (in our ﬁgures), but opt for a more
conservative, under-smoothed bandwidth of 50 days for hypothesis testing for the reasons
noted above. While standard errors are of course decreasing in the bandwidth, our point
estimates are not very sensitive to diﬀering bandwidth choices, over a reasonable range (see
Appendix Figure 1, described below).
28Implementation requires an accurate estimate of a covariance term. We stack female education and
infant health ﬁxed eﬀects into a 732-vector and solve a weighted least squares program similar to that
in equation (9), but with the regression function fully interacted with block (8 parameters total), so that
separate estimates of the discontinuity in education and infant health are available from a single regression.
Use of a clustered variance estimator, clustered at the level of the 366 original observations, allows for
accurate estimates of the variances and the covariance in this context.
29Adapted to the regression discontinuity setting, this procedure ﬁts a fourth-order global polynomial
separately on the left and the right of the point of discontinuity. For either side, the rule-of-thumb bandwidth
is c
£
ˇ σ2(b − a)
±P
ˇ m00(Rj)2¤1/5
where ˇ σ2 is the mean squared error for the regression, b − a is the range of
Rj, ˇ m00(Rj) is the estimated second derivative of the global polynomial evaluated at Rj, the summation is
over the data, and c . = 3.438 is a constant that depends on the kernel (see equation (4.3) of Fan and Gijbels
(1996), but note also equations (3.20) and and (3.22)).
30See, for example, the discussion in Horowitz (2001).
16IV. Data and Sample
We use conﬁdential 1989-2001 Texas and 1989-2002 California natality data, acquired from
each state’s Department of Health. We focus on recent natality data since the standard birth
certiﬁcate started collecting the mother’s exact date of birth beginning in 1989. Information
on the mother’s exact date of birth is suppressed on the public-use national Natality De-
tail Files compiled by the National Center for Health Statistics. By special permission we
obtained access to a version of the California and Texas data ﬁles with this information.
These natality ﬁles cover the universe of all births occurring in these states, approximately
800,000 births per year. At birth, each mother along with her health care provider completes
an extensive survey, which inquires about maternal and paternal demographic characteristics,
maternal behaviors during pregnancy (e.g., prenatal care), and the health of the infant at
birth. For Texas, but not for California, our natality data are merged with infant mortality
information from death certiﬁcates for those infants who died within the ﬁrst year.31
We impose three main sample restrictions. First, our sample consists exclusively of
mothers born in the state in which they gave birth.32 Second, for our infant health analysis,
we limit our sample to mothers who are 23 years old or younger.33 When analyzing the
probability of motherhood or age at birth, we make no age restriction, as we ﬁrst need to
verify that there is no eﬀect on either before conditioning on age. Third, we focus on ﬁrst-
31The quality of the data may vary across states. The California data do not include information on
maternal drinking or infant mortality, and smoking and sexually transmitted diseases (STDs) are likely
measured with greater accuracy in the Texas data. For example, in Texas, women are asked explicitly
whether they smoked during pregnancy. In contrast, in California, maternal smoking must be inferred from
a single question recording a variety of pregnancy conditions, including smoking. The question uses a series
of numeric codes to describe these conditions. As an example, three such codes pertain to tobacco use,
premature labor, and amniocentesis, which are arguably unrelated conceptually. Mothers self-report up
to 16 such conditions (from among 30 possible codes). Smoking’s measurement is thus very indirect. As
we will see, the measured rate of California maternal smoking is only one-third that for Texas, suggestive
of underreporting. To the extent that measurement errors are smooth in day of birth, our discontinuity
estimates should not be aﬀected.
32An ideal analysis would use information on the state in which a mother began her education. We view
state of birth as a reasonable proxy for the state where education begins. According to the 2000 Census,
89.5 percent of 5 year olds born in California still lived in California, and 89.8 percent of 5 year olds born in
Texas still lived in Texas.
33The education discontinuity induced by school entry policies is smaller for older women, as noted above.
17time mothers. As emphasized by Wolpin (1997), poor infant health at ﬁrst birth may causally
aﬀect a woman’s decision regarding subsequent fertility and child investment choices. In the
absence of additional modeling, it will not be possible to separate the eﬀect of education from
the eﬀect of the observed health of the ﬁrst child. Analyzing ﬁrst births also strengthens the
plausibility of independence assumptions and leads to a more homogeneous sample that is
more comparable to those used in the literature.
Our other sample restrictions aﬀect the estimation sample only slightly. We exclude
non-singleton births as the meaning or signiﬁcance of infant health measures such as low
birth weight may vary by plurality.34 Finally, we purge all mothers missing information on
education and day of birth, the two main necessary elements of our research design.35
Table 1 provides descriptive statistics for our study states. Throughout most of our
analysis, we examine Texas and California separately. To get a sense of how selective is our
main estimation sample, we present summary statistics for the overall sample of mothers
with singleton births (ﬁrst column) and the sample of ﬁrst-time mothers with singleton
births (second column) in addition to our young mothers sample, the sample used in our
main analysis (third column).
Relative to both all mothers and ﬁrst-time mothers, our estimation sample is negatively
selected. The ﬁrst-time young native mothers are considerably younger, have lower levels
of education, and worse birth outcomes. Compared to California mothers, Texas mothers
have reduced number of years of schooling, are younger, and have a higher incidence of low
birth weight birth, but nearly equal likelihood of a premature birth. In terms of race and
ethnicity, African American mothers comprise 14 percent of our main estimation sample for
California and 19 percent of that for Texas, and for both states nearly 40 percent of the
mothers in our main estimation sample are Hispanic.
For our analysis of the probability of motherhood, we merge the number of ﬁrst-time
34For instance, the birth weight of most twins is below average, but this is not often viewed as an indicator
that the infant has a health risk. Singleton births comprise approximately 98 percent of all births.
35Mother’s education and date of birth are present in 98 percent of all cases.
18mothers in our birth certiﬁcate data born in California (Texas) between January 1, 1969,
and December 31, 1988, with the number of women born in California (Texas) on those
same dates, calculated from the public-use Natality Detail Files, 1969-1988.36 The number
of women in the birth certiﬁcate data relative to the number of women at risk for being
observed in the birth certiﬁcate data estimates the probability of motherhood.37
V. Results
We present our results in six subsections. First, we examine the impact of school entry
policies on education at motherhood. These eﬀects are visually apparent, economically
important, and precisely estimated. Second, we consider the impact of school entry policies
on fertility. We ﬁnd no diﬀerence in fertility behaviors for those born just before and after
the cutoﬀ dates. Third, we examine the impact of school entry policies on infant health, as
proxied by birth weight, gestational length, and infant mortality. We ﬁnd little evidence of
diﬀerences in these outcomes for those born just before and after the cutoﬀ dates. Fourth, we
present instrumental variables estimates of the eﬀect of female education on infant health.
Fifth, we examine the impact of school entry policies on several risk factors for poor infant
health. Sixth, we discusss robustness. The ﬁnal subsection discusses age-for-grade eﬀects.
A. School Entry Policies and Education
We begin with a graphical presentation of the eﬀect of school entry policies on education
at motherhood. Figure 1 plots the relationship between schooling and day of birth separately
for California and Texas.38 In both panels, the solid line in the ﬁgure is based on the local
linear smoother described in Section IV, above, and uses the automatic bandwidth procedure
of Fan and Gijbels (see Appendix Table I). The open circles are ﬁxed eﬀects for each possible
36For these years only, the infant’s date of birth is reported in the public-use ﬁles.
37To provide for an equal follow-up period regardless of day of birth, we restrict the analysis to those
women in our birth certiﬁcate data giving birth after their birthday in 1989 and before their birthday in
2001 (Texas) or 2002 (California).
38For the relevant sample period and cohorts, there were no changes to the school entry date.
19day of birth (i.e., 366 circles, including February 29, see Section III).
We highlight two aspects of the estimates in Figure 1. First, for young mothers in both
California and Texas, there is a marked discontinuity in education at motherhood exactly
at the school entry date, as expected. Second, there is no evidence of a discontinuous
relationship at any other day of birth. For example, we see no discontinuity at December 1 for
Texas or September 1 for California. The juxtaposition of the smoothness of the conditional
expectation away from the school entry date and the sharpness of the discontinuity at the
entry date supports the interpretation of the education discontinuity as directly attributable
to school entry policies.
Discontinuity point estimates are given in Table 2. The estimate for California is -0.15,
while that for Texas is -0.23. These magnitudes are large relative to other benchmark diﬀer-
ences. For example, according to the 2000 Census, the national black-white education gap
for women is -0.88.39 To interpret the magnitude of the education discontinuities, suppose
that school entry policies aﬀect schooling by one year or not at all (i.e., being born after
the school entry date reduces schooling by at most one year). Under this assumption, the
education discontinuity estimates the fraction of young women whose education at mother-
hood is aﬀected by school entry policies (cf., Angrist and Krueger 1992). Thus, school entry
policies aﬀect education at motherhood for a large 15 (23) percent of young ﬁrst-time native
mothers in California (Texas). Unreported results for ﬁrst-time mothers of all ages imply
that school entry policies aﬀect education at motherhood for 10 (15) percent of ﬁrst-time
native mothers in California (Texas). In addition, estimates of the impact of school entry
policies for young women are precise, with t-ratios ranging from 7 to 24.
As discussed, an interesting pattern in the data is that the education discontinuity is
strongest for the youngest mothers and weakest for the oldest mothers. Figure 2 provides
separate education discontinuity estimates for each age at birth from 15 to 35. We supple-
ment these disaggregated discontinuity estimates with female school enrollment rates for our
39Education in years inferred from degree-based education question, and sample restricted to women born
in the U.S., aged 25-60, with unallocated values for age, sex, race, education, and place of birth.
20two study states, calculated from the 5 percent 2000 public-use microsample. The ﬁgure
shows discontinuity estimates that decline in magnitude with age as enrollment rates fall.
The age gradient in the education discontinuities is consistent with two stories. One
story is that, for women in the cohorts we study, school entry policies have no impact on
completed education, but do manipulate education at motherhood for those whose pregnancy
interrupts their schooling. A second story is that, for women in these cohorts, young mothers
are those who drop out of school as soon as possible, and that older mothers are those whose
educational attainment would not be aﬀected by when they started their schooling because
they stop schooling based on completed schooling rather than age.
Under the ﬁrst story, our fertility and infant health estimates are due to the direct/Grossman
eﬀect of education. Indirect eﬀects of education through income will not be as relevant be-
cause a woman who anticipates returning to and ﬁnishing school will have approximately
equal permanent income as a woman who completes that same level of schooling prior to
beginning her family. The direct/Grossman eﬀect is operative, however, because one cannot
know what one has not yet learned. Under the second story, our fertility and infant health
estimates are due to both a direct/Grossman eﬀect and an indirect eﬀect.40 The second
story thus implies a stronger eﬀect of education on fertility and infant health than the ﬁrst.
An important issue for further interpretation of our estimates is the education level at
which school entry policies have the biggest eﬀect. This issue is addressed by the curve
presented in Figure 3, which Angrist and Imbens (1995) term the average causal response
weighting function.41,42 The curves are essentially the diﬀerence, at each point in the educa-
40It is possible that the women whose educational attainment at motherhood is aﬀected by school entry
policies have little foresight regarding their permanent incomes. For example, some of these women may be
too young to have ever received any earnings. If such women do not have suﬃcient foresight, then the eﬀect
of education would operate primarily through a learning channel.
41This curve is computed as follows. By analogy with the Y j from above, let S
s
j denote the ﬁxed eﬀect
coeﬃcient on Rj from the ﬁrst-step regression, replacing Yij with an indicator for having less than or equal
to s years of schooling. For each s, Figure 3 gives the estimated coeﬃcients on Dj in the local linear model
(9), where the dependent variable is S
s
j.
42Following Angrist and Imbens (1995), we report pointwise conﬁdence intervals for the curve. It is also
straightforward to use the approach of Angrist, Chernozhukov and Fernandez-Val (2006) to obtain uniform
conﬁdence bands. Practically in this context, uniform conﬁdence bands amount to replacing twice standard
error bands with roughly thrice standard error bands.
21tion distribution, in the cumulative distribution function for individuals born after the cutoﬀ
date versus that for individuals born before. The height of this curve at s gives the fraction
of the population who in the absence of school entry policies would have had less than or
equal to s years of schooling, but who in the presence of school entry policies would have
more than s years of schooling. If we assume that school entry policies manipulate schooling
by at most one year, then the height of the curve at 11, for example, gives the fraction of
the population whose schooling is moved from 11 to 12 years. Under this assumption, being
born before the school entry date induces 3.9 (5.4) percent of California (Texas) women to
have at childbirth a high school degree that they would otherwise not have. Similarly, being
born before the school entry date induces 4.1 (5.4) percent of California (Texas) women to
have one more year of college than they otherwise would have. Thus, Figure 3 indicates
that school entry policies aﬀect not just the number of years of high school a woman has
completed by the time of her ﬁrst births, but also the number of years of college.
As noted above, if school entry policies monotonically aﬀect schooling, then the distribu-
tion functions of schooling for those born just before and after the school entry date should
not cross. This pattern is corroborated by Figure 3, because the curve is positive throughout
the support of education for both California and Texas.
B. School Entry Policies and Fertility
The eﬀect of education on fertility could manifest itself in terms of the probability of ever
becoming a mother, the number of children, and the timing of childbearing. As discussed
below, for several cohorts of women we observe a direct estimate of the probability of be-
coming a mother. We do not observe completed fertility, as our sample frame is too short.
However, we observe age at birth, a fertility timing measure.
Estimates of the probability of motherhood are presented in Figure 4, along with an inset
ﬁgure giving the same probabilities, but for each possible birthdate from January 1, 1969 to
December 31, 1988. The ﬁgure indicates no break in behavior at the school entry date. This
22impression is corroborated by the estimated discontinuities in the probability of motherhood
at the school entry date (Table 2), which are economically small and statistically indistinct
from zero. We note that if education aﬀected motherhood in the direction predicted by the
observational relationship, the probability of motherhood should be higher to the right of
the cutoﬀ date than to the left.43
We turn now to the eﬀect of school entry policies on age at birth (Figure 5). We consider
all ﬁrst-time native mothers (i.e., we do not restrict the sample to those aged 23 or younger)
since age at motherhood is possibly manipulated by school entry policies. The results are
substantively similar to those regarding motherhood—there is little visual evidence of a
discontinuity in age at the entry date. The point estimates for the discontinuity (Table 2)
are small and statistically insigniﬁcant.44
In summary, we ﬁnd little evidence that school entry policies aﬀect either the probability
of motherhood or age at ﬁrst birth. This conclusion has both substantive and statistical
implications. Substantively, the lack of impact of school entry policies on these fertility
outcomes indicates a limited causal role for education in a woman’s fertility planning, for
those women desiring to have a family young enough that schooling is potentially a binding
constraint on age at ﬁrst birth. For example, these results are consistent with a biological
model in which age of menarche, not educational attainment, determines sexual activity and
in which contraception is essentially random.45 Statistically, the lack of an impact of school
43That the pattern is, if anything, negative rather than positive at the school entry date is particularly
surprising in light of the potential bias of migration. If education increases the probability of emigration out
of our two study states, as would be expected given the raw correlation of education and mobility, we will
be more likely to observe mothers born after the cutoﬀ date. We therefore conclude that neither mobility
nor motherhood is aﬀected causally by education for the women aﬀected by school entry policies.
44Although school entry policies do not aﬀect average age at motherhood, they could nonetheless aﬀect the
likelihood of giving birth at diﬀerent ages (i.e., the distribution of age at motherhood). A natural method
for assessing this is to estimate the discontinuity in the probability of giving birth at age a or earlier, for a
range of values a, as in our analysis of the distribution of education changes summarized in Figure 3. These
results are consistent with the hypothesis that school entry policies have no eﬀect on any point in the age
distribution (results available from authors).
45The patterns in Figure 4 could also be consistent with a model in which women born after the cutoﬀ date
are more likely to become pregnant but also more likely to obtain an abortion than women beforn before
the date. While we cannot directly test this hypothesis as we have no direct data on abortions, women in
our sample born just before and after the cutoﬀ date report similar numbers of prior pregnancies (results
available from authors).
23entry policies on fertility means that women born just before and after the school entry date
form an equivalently selected sample and hence can be used to study the eﬀect of education
on infant health without sample selection corrections.
C. School Entry Policies and Infant Health
We begin our analysis of infant health with an examination of reduced-form eﬀects on the
incidence of low birth weight, a widely-cited risk factor for poor infant health (Figure 6).46
As with our analysis of education, we report results for mothers 23 years old or younger.
Because schooling declines at the school entry date, we expect to see an increased likeli-
hood of low birth weight at the school entry date. However, the data indicate no break in
behavior. This visual impression is conﬁrmed by the point estimates reported in Table 2,
which are generally small and statistically insigniﬁcant. The eﬀect for California (Texas) is
-0.0003 (-0.0043), which is small relative to the overall incidence of low birth weight for this
sample of mothers (see means in Table 1).47
We next consider the impact of school entry policies on the incidence of premature birth,
deﬁned as gestational length of less than 37 weeks. Figure 7 gives an estimate of the condi-
tional expectation of prematurity in day of birth. Because prematurity is a negative health
outcome, we expect to see a rise in prematurity at the school entry date. However, the data
indicate no break in behavior. The estimated discontinuities are again small and statistically
insigniﬁcant (Table 2). The estimate for California is -0.00004, while the estimate for Texas
is -0.0018. These are small compared to the overall incidence of prematurity (Table 1).48
For Texas, information on infant mortality is available. The plot of infant mortality
against day of birth (available upon request) provides little visual evidence of discontinuity
at the school entry date. However, this may be due to low statistical power—infant mortality
46See Almond, Chay and Lee (2005) for references.
47In unreported results, similarly small and insigniﬁcant eﬀects are estimated for the incidence of very low
birth weight (birth weight less than 1500 grams), very very low birth weight (birth weight less than 1000
grams), and high birth weight (more than 4000 grams).
48As with the eﬀects for low birth weight, we have examined the eﬀects for a variety of cutoﬀs (20 weeks,
25 weeks, etc.) and found no eﬀects for these other cutoﬀs.
24is only one-tenth as likely as low birth weight or premature. Consistent with this, the
estimated discontinuity is large in economic terms (0.0013 compared with an overall incidence
of 0.0067), but statistically indistinct from zero.
D. The Eﬀect of Education on Infant Health
To understand the magnitude of the reduced-form eﬀects, we now turn to instrumental
variables estimates. These estimates are reported in Table 3 for infant health outcomes of
low birth weight, prematurity, and infant death (Texas only).
The low birth weight estimate for California (Texas) is 0.0022 (0.0183), with a standard
error of 0.0149 (0.0111). As discussed above, these estimates are the opposite of the expected
sign. As a matter of comparison, Currie and Moretti’s (2003) analogous estimate is -0.01. It
should be noted that we have reason to believe the parameters identiﬁed by the two studies
are diﬀerent, a point elaborated on in the discussion section, but as a means of gauging the
size of our estimates, we ﬁnd this a useful contrast.
Pooling our low birth weight estimates for California and Texas provides an overall es-
timate for the two states with greater precision. The pooled estimate is 0.0126 (standard
error of 0.0089).49 At the 5 percent level, our pooled estimate rules out the point hypothesis
of -0.01, and in fact rules out any point hypothesis more negative than -0.002.50 Because the
pooled estimate is over-identiﬁed, we also report a test of the over-identifying restrictions
(in brackets). This test statistic is distributed chi-square with 1 degree of freedom under the
null hypothesis of a common eﬀect in California and Texas. The value of the test statistic,
0.75, provides little evidence against the null (p-value of 0.39).
For prematurity, estimates for both states are smaller in magnitude and estimated with
somewhat less precision. The estimate for California (Texas) is 0.0002 (0.0076) with a
standard error of 0.0209 (0.0133). In contrast, the Currie and Moretti estimate is -0.01. The
pooled estimate of the eﬀect of female education on prematurity is 0.0055 (standard error
49These are eﬃcient minimum chi-square estimates.
50We rely on a one-sided test, which is appropriate in this context.
25of 0.0112). At the 10 percent level, this estimate rules out the point hypothesis of -0.01. At
the 5 percent level, we rule out point hypotheses more negative than -0.013. The test of
over-identifying restrictions provides little evidence against the null (p-value of 0.77).
For infant death, we only have information for Texas. As noted above, this estimate is of
the expected sign and is large in economic magnitude, but is also estimated with very little
precision. If the lower edge of the conﬁdence region were the true parameter, then infant
mortality could be eliminated by a one-year increment to schooling.
We note that much more precise estimates are available if we are willing to assume
that individuals born at all diﬀerent times of the year are exchangeable.51 These estimates
are likewise small and statistically indistinct from zero, and moreover are not statistically
distinct from the estimates we report.52 However, the identifying assumption underlying
these estimates is called into question by variation in predetermined characteristics over the
seasonal cycle (results available on request).
E. School Entry Policies and Risk Factors
As emphasized in the theoretical discussion in Section II, the eﬀect of female schooling on
infant health is an admixture of a mother’s behavioral response to schooling and the eﬀect
of her behavior on the health of her child. For this reason, it is important to attempt to ﬂesh
out which causal pathways from education to infant health are implicated by our analysis.
This may be particularly important in comparing our results to those in the literature, as it
is not necessarily clear what the eﬀect of education is supposed to represent.
To learn about these causal pathways, we estimate both reduced-form estimates of the
impact of school entry policies on risk factors for poor infant health (Table 2). The risk factors
we consider may be thought of as falling into three key categories. The ﬁrst category, which
we term “risky maternal behaviors”, encompasses maternal smoking, maternal drinking, and
51Practically, these estimates may be implemented as instrumental variables estimates using polynomials
in Rj and Dj as instruments for schooling.
52As well, Sargen over-identiﬁcation tests fail to reject for these estimates (Davidson and MacKinnon 2004,
Section 8.6).
26maternal sexually transmitted diseases. The second category is comprised of several prenatal
care measures. These are whether the mother obtained prenatal care at any point during her
pregnancy, whether she obtained prenatal care during the ﬁrst trimester, and the number of
prenatal care visits she had. The third category of risk factors pertain to the quality of the
infant’s father, as proxied by involvement with birth, age, and education.53
Estimated impacts of school entry policies on maternal behavior (Table 2) are small,
of mixed sign, and generally statistically insigniﬁcant. For example, impacts on maternal
smoking in California and maternal drinking in Texas are both slightly signiﬁcant, but do
not share sign.54 The remaining four estimates are insigniﬁcant.
Five of the six estimates for prenatal care are of the expected sign—mothers with less
education are less likely to receive prenatal care, less likely to receive it early, and receive
less of it. However, the estimates are of extremely modest magnitudes (see Table 1) and
only the Texas estimate for care in the ﬁrst trimester reaches statistical signiﬁcance.
In contrast, paternal quality eﬀects are sizable. These estimates show that women born
just subsequent to the school entry date have mates who are younger and less educated, on
average, than the mates of women born just before the entry date. The point estimates for
both California and Texas are large and statistically distinct from zero.
F. Robustness
Our identiﬁcation of the eﬀects of female education hinges on the assumption that women
born before and after the cutoﬀ dates are exchangeable with respect to pre-determined
characteristics. This motivates tests of continuity of pre-determined characteristics in day
of birth. Because assignment to starting grade occurs early in the lifecycle, pre-determined
53As a proxy for involvement, we use an indicator for whether the birth certiﬁcate contains father’s date
of birth and educational attainment.
54Our eﬀects on smoking are generally inconsistent with a large literature showing strong eﬀects of ed-
ucation on smoking (e.g., de Walque 2004). However, nearly all of this literature focuses on the overall
population rather than just mothers. Women who smoke during pregnancy may be more likely to be ad-
dicted to smoking than those in the general population and their smoking behavior may be less aﬀected by
interventions.
27characteristics are essentially limited to those measured at birth. Aside from the limited
characteristics such as race which are the same over time, maternal characteristics we observe
in birth certiﬁcate data could be viewed as a response to assignment to starting grade and
therefore are not useful for testing the research design.
However, we may test for continuity of a variety of pre-determined characteristics using
the public-use Natality Detail Files from 1969-1988, which record information on infants and
their parents as of birth. For mothers born 1969-1988, we can thus verify the smoothness of
a variety of maternal and grandparental characteristics.55 Table 4 gives estimated disconti-
nuities for selected pre-determined characteristics of mothers. Each entry is a discontinuity
estimate for a diﬀerent pre-determined characteristic, calculated in the same manner as for
those in Table 2, but using no auxiliary controls.
Scanning across the columns, we ﬁnd little evidence of any discontinuity in the maternal
characteristics we measure: fraction Hispanic, fraction black, low birth weight and prematu-
rity.56 Table 4 also contains a variety of tests of smoothness of grandparental characteristics—
native born mother, parity, child mortality, and maternal and paternal age—based again on
the public-use Natality Detail Files from 1969-1988.57 For both California and Texas for
each of these outcomes, we fail to reject the null hypothesis of continuity.
A ﬁnal point regarding robustness pertains to bandwidth selection. We summarize the
sensitivity of our key ﬁndings to bandwidth selection in Appendix Figure 1. This ﬁgure lists
impacts of school entry policies on schooling, low birth weight, and prematurity for both
states for bandwidths ranging from 50 to 100 days. The ﬁgure shows that the magnitudes
reported in Table 2 are consistent with a wide range of bandwidth choices.
55More accurately, we can verify the smoothness of these characteristics for those in the risk set for
becoming mothers in our sample. It is not possible to directly match the individual mothers in our sample
to those in the public-use data.
56Maternal education was not included on the California and Texas birth certiﬁcates until 1989, so we are
unable to conduct the speciﬁcation test for that variable.
57We proxy child mortality by the fraction of the grandmother’s live-born children who were still living at
the time of the mother’s birth.
28G. Age-for-Grade Eﬀects
Our research design implicitly compares women who are old for their grade (i.e., those
born immediately following the school entry cutoﬀ date) with women who are young for
their grade (i.e., those born immediately preceding the date). A child’s relative maturity
arguably could aﬀect academic performance and behaviors, and thereby, potentially explain
why we ﬁnd small and insigniﬁcant eﬀects of education on fertility or infant health.
While we cannot entirely rule out this hypothesis, we argue against it on several grounds.
First, for both California and Texas, we ﬁnd small and insigniﬁcant diﬀerences in the prob-
ability of becoming a mother, age at ﬁrst birth, or infant health. Stipulating that the
age-for-grade eﬀect was of the opposite sign of the education eﬀect, it would be surprising
if, in each of these contexts, the eﬀects were close enough in magnitude as to be small on
average. Moreover, at least for fertility, the direction of bias to an age-for-grade eﬀect is
theoretically ambiguous. On the one hand, being old for one’s grade could aﬀect social de-
velopment. In this case, the age-for-grade eﬀect could be protective against pregnancy, with
mature girls resisting the advances of persuasive boys. On the other hand, being old for
one’s grade could make pregnancy more likely if older girls are more popular than younger
girls and if sexual activity is increasing in popularity.58 If the sign of the age-for-grade eﬀect
is not necessarily the opposite of the schooling eﬀect, then equal and oﬀsetting age-for-grade
and education eﬀects are particularly unlikely.
Second, existing estimates of the beneﬁts postponing entrance into kindergarten are some-
times detrimental, usually small, and declining with age (Stipek (2002) reviews 26 studies).
For educational outcomes, Datar (2006) ﬁnds short-run positive eﬀects of being old for one’s
grade, and Bedard and Dhuey (2006) ﬁnd long-run positive eﬀects of being old for one’s
grade. However, we know of no research on age-for-grade eﬀects on fertility or infant health.
Even if both education and age-for-grade eﬀects are operative, our empirical results
58In addition, within a grade, younger girls may look up to older girls and mimic their behaviors. Mimicry
renders ambiguous the sign of the age-for-grade eﬀect, because of dependence on the magnitude of the pure
age eﬀect. Similar ambiguities surround age-for-grade eﬀects on behaviors, such as maternal smoking.
29continue to have an interpretation as the program evaluation of postponing schooling as it
pertains to fertility and infant health. This policy evaluation is relevant both to the private
decisions of parents contemplating when their children should start school, as well as to the
current debate regarding the appropriate entry date. Several states have recently moved, or
are currently debating moving, these dates from late in the year to the early Fall (Datar 2006),
with the stated rationale of raising the age of the average kindergartner (Aizenman 2002).
While starting children at older ages may help them cope with the demands of an increasingly
rigorous kindergarten curriculum, our results suggest that, for some girls, doing so makes
it more likely that pregnancy will interrupt school progression at an earlier grade. To the
extent that these schooling diﬀerences will be permanent, our results suggest this will lead to
reduced completed schooling, mates of lower education and earnings ability, and diminished
lifetime income.59
VI. Discussion
Our results suggest that increases in female education lead to small and statistically in-
signiﬁcant changes in fertility choices and infant health, a great contrast with the ﬁndings of
Currie and Moretti (2003), arguably one of the more comparable studies to our own. Using
openings of two- and four-year institutions in a woman’s county at age 17 as an instrument
for education, Currie and Moretti (2003) conclude that female education has a substantial
inﬂuence on infant health and fertility patterns for white women. They ﬁnd that a one year
increase in education reduces the incidence of both low birth weight and prematurity by one
percentage point.60 Our estimates are generally inconsistent with these large eﬀects.
59Our estimates are most closely tied to a policy involving adjusting the school entry date by a small
margin (e.g., from December 1 to November 30). Ideally, we would like to forecast the eﬀects of a policy
which adjusts the school entry date by a larger margin (e.g., from December 1 to September 1, in line with
recent policy changes). It is more diﬃcult to ascertain the eﬀect of a large change in the school entry date,
because doing so alters not just one’s own age at school entry, but also the distribution of the age of one’s
peers. However, this is a more challenging identiﬁcation problem (Manski 1993, 1995, 2000) and one we do
not address in this paper.
60Currie and Moretti’s (2003) eﬀect sizes are generally similar to, or perhaps slightly smaller than, those
in the broader literature on the eﬀect of female education on infant health (e.g., Chou et al. 2003).
30However, the eﬀect of female education on infant health is plausibly heterogeneous for a
variety of reasons: (i) background characteristics, such as race; (ii) the level of schooling ma-
nipulated, such as high school versus college; (iii) the mechanisms by which schooling aﬀects
infant health, such as via a direct/Grossman eﬀect or an indirect eﬀect; (iv) the persistence
of the schooling diﬀerences induced, since the behavior of forward-looking individuals may
depend on both current and future human capital; and (v) the type of policy manipulation,
such as school entry policies which manipulate when a child begins school, versus school exit
policies which manipulate when a child ends school. This section elaborates on each of these
potential sources of heterogeneity.
First, schooling interventions may not necessarily impact all subpopulations equally. For
instance, Currie and Moretti (2003) document eﬀects of college openings on white women’s
schooling, but note that there is little to no eﬀect on black women’s schooling.61 To in-
vestigate this possibility, Table 5 presents estimates of the eﬀect of school entry policies
on schooling, low birth weight, and prematurity, separately by race/ethnicity.62 The table
indicates generally statistically similar eﬀects on all three outcomes in both states. For ex-
ample, for both states, the eﬀect on education is somewhat smaller for black women than
it is for the other two groups, but for neither state are the eﬀects by race/ethnicity statisti-
cally signiﬁcantly diﬀerent from one another at the 5 percent level.63 Eﬀects on prematurity
are likewise of similar magnitude for women of diﬀerent racial/ethnic backgrounds for both
states. However, for California (but not for Texas), we reject the equality of the low birth
weight estimates. The eﬀect for black women is consistent with education improving well-
being and is on the cusp of signiﬁcance. However, the eﬀect for white non-Hispanic women
61Angrist and Krueger (1991) similarly document much stronger eﬀects of compulsory schooling for white
men compared to black men, and Lleras-Muney (2005) echoes this conclusion for changes in child labor
laws and compulsory schooling laws. Goldin and Katz (2003) argue that continuation schools, an important
factor in the rise in educational attainment for 1910 to 1940, have similar eﬀects for blacks and whites.
62Because of the smaller sample sizes underlying the estimates in this table, we use a slightly larger
bandwidth of 70 days throughout. This is appropriate for a bandwidth selector of order n−1/5 (cf., Pagan
and Ullah 1999), since several of our estimates are based on 20 percent subsamples (50 × 0.2−1/5 ≈ 70).
63Throughout the discussion of Table 5, we test restrictions using the objective function for the eﬃcient
minimum distance estimator, evaluated at the minimand. These test statistics may be calculated using the
information in the table and are unreported.
31is of the opposite sign and statistically distinguishable from zero. This estimate could be
consistent with some of the stress hypotheses discussed in the medical literature (e.g., Hede-
gaard, Henriksen, Sabroe and Secher 1993), and could be related to the eﬀect of education
on occupational stress. Moreover, while the Texas low birth weight eﬀects are statistically
similar across racial/ethnic groups, white non-Hispanic women in Texas also have eﬀects
that may be consistent with job stress, although the standard errors do not warrant strong
interpretation.
As a second reason for diﬀerences across studies, if the relationship between schooling
and infant health is non-linear, the estimated eﬀect of education will depend on the level of
education manipulated by the intervention. In the cross-section, there is evidence of such
non-linearities, with the biggest health returns concentrated amongst the lowest-educated.64
As emphasized by Figure 3, school entry policies primarily aﬀect the number of years of
high school education. Other interventions in other settings could aﬀect other educational
margins, such as primary schooling or college.
Third, for diﬀerent interventions, the eﬀect of education may operate through diﬀerent
channels, potentially explaining diﬀerences in the eﬀect of education for diﬀerent groups.
For example, individuals may learn in college about the health implications of smoking, in
which case obtaining a college degree might reduce a woman’s likelihood of smoking. If
individuals do not learn about smoking while in high school, then obtaining a high school
degree might not have as substantial an impact on smoking behavior. In this example,
interventions targeting college would have larger direct/Grossman eﬀects on infant health
than would interventions targeting high school. This heterogeneity may likewise spill over
to the indirect eﬀects of education if diﬀerent interventions aﬀect diﬀerently the resources
made available by virtue of education. For example, the mothers in Currie and Moretti’s
(2003) study are 24 to 45 years old and likely are old enough to have experienced the labor
and mating market consequences of their education. Thus, for these women, the eﬀect of
64This need not imply that the causal gradient is non-linear.
32education is plausibly a combination of both the direct/Grossman and the indirect eﬀect.
The mothers in our own study may be too young to have yet experienced the income eﬀects of
their education. In that case, our estimates might reﬂect only the direct/Grossman eﬀect.65
This conclusion may be misleading, however, as our data do provide some suggestive
evidence of income diﬀerences between women born before and after the school entry cutoﬀ
dates. For California, an extra year of education reduces the likelihood of public payment
for delivery (e.g., Medicaid) and raises the likelihood of private payment (e.g., private in-
surance), leaving self-payment (i.e., out-of-pocket) unaﬀected (results available on request).
In most cases, eligibility for public funding is dependent on income. This suggests that,
already at motherhood, the women in our study are experiencing diﬀerences in income due
to their education. Alternatively, they might anticipate future income diﬀerences and exert
more eﬀort in becoming eligible (e.g., completing paperwork). For Texas, an extra year of
education lowers the likelihood that a woman receives prenatal care in a hospital and raises
the likelihood that she receives care in a private clinic, leaving unchanged the likelihood of
care in a public health clinic (results available upon request).
A fourth potential source of heterogeneity in the estimated eﬀect of education relates to
the persistence of the schooling diﬀerences induced by school entry policies. The women in
our sample may return to school after childbearing, in which case a correct interpretation of
our estimates would be the eﬀect of transitory levels of schooling on infant health. Arguably
the women in Currie and Moretti’s (2003) sample have completed their schooling. To un-
derstand the dynamics of female schooling decisions following ﬁrst births, we examined the
patterns of school enrollment and school completion among the sample of women from the
1979 National Longitudinal Survey of Youth (NLSY79) (results not included). School enroll-
ment rates in the post-birth period are strongly correlated with age at ﬁrst birth. Women
who have their ﬁrst birth before age 18 are more likely to attend school subsequent to child-
65However, it is important to note that in the absence of borrowing constraints and in the presence of
perfect foresight, these young mothers might correctly anticipate the labor and mating market consequences
of their education and behave accordingly.
33bearing relative to women who delayed their childbearing. Over half of teenage mothers
return to school but a smaller percentage of them actually ﬁnish more schooling. These
school enrollment rates and school completion rates, however, drop precipitously at age 18.
This leads us to conclude that among mothers younger than 18, our estimates may be iso-
lating the eﬀect of education at motherhood rather than the eﬀect of completed education
and that among those 18-23, the identiﬁed eﬀect is the eﬀect of completed education.66
To ascertain whether these two eﬀects are substantially diﬀerent, we stratify the sample
based on two age groups: mothers less than 18 years old and mothers 18-23 years old
(Table 5). As suggested by Figure 2, the education discontinuity is smaller for 18-23 year
olds than for those below 18. However, for low birth weight and prematurity, the estimates
are statistically indistinct. We interpret this pattern as suggestive evidence that both the
direct/Grossman eﬀect and the indirect eﬀect are small for the women in our sample.
A ﬁnal point of interpretation pertains to contrasting the impact of school entry policies
with that of alternative policy measures. To ﬁx ideas, consider the two broad types of policies
that could increase years of schooling: (i) those aﬀecting school exit decisions (e.g., raise the
minimum dropout age) and (ii) those aﬀecting school entrance decisions (e.g., lower the age
at school entry).67 While both types of policies could equally raise educational attainment,
each could have diﬀerent eﬀects on fertility behaviors and infant health outcomes. Envision
a woman who desires to complete her schooling before starting her family and is constrained
by compulsory schooling laws (i.e., she will drop out of school as soon as she lawfully can).
Under the ﬁrst type of intervention, an increase in the compulsory schooling age by one
year will likely lead her to delay childbearing by one year. In that case, we would observe
66While the NLSY79 provides some useful insight, ultimately we would like to test whether there is a
diﬀerential rate of subsequent enrollment between mothers born before and after the school entry cutoﬀ
date. Using an auxiliary Texas panel data where we can follow mothers across births, we can directly test
for persistence in the ﬁrst stage beyond the ﬁrst birth. In particular, we test whether the discontinuity in
education by mother’s day of birth that we observe for ﬁrst births persists for these same women who have
second births. Our ﬁndings reveal that it does. The ﬁrst stage for second-time mothers is roughly 70 percent
the size of the ﬁrst stage for the same mothers at the time of the ﬁrst birth. Unfortunately, the sample size
of this panel is too small to estimate the reduced-form and IV eﬀects separately by parity for this sample.
67For studies in which schooling is measured not merely in years, additional interventions of interest include
those aimed at increasing the quality of schooling, holding time spent in schooling constant.
34a simultaneous manipulation of education and age at motherhood, leading us to be unable
to separately identify the eﬀects of education from the eﬀects of age at motherhood without
additional instruments.68 On the other hand, suppose that the same woman is exposed to
a policy change which lowers the age at which she enters school. As in the ﬁrst case, she
may have an increased level of acquired schooling. However, her age at motherhood will
not be mechanically aﬀected. Further, as argued in Section III, if age at motherhood does
not depend on educational attainment, diﬀerences in starting age aﬀect education but not
maternal age. Thus, schooling interventions that aﬀect school exit choices will have combined
eﬀects on educational attainment and age at motherhood, while policies that manipulate age
at school entry may be less aﬀected by such confounding.69
Moreover, because age at school entry type interventions occur early in a female’s lifecycle
before irreversible decisions are made (e.g., childbearing), the female is able to adapt along
more dimensions because the change to her school optimization decision is fully anticipated.
In contrast, an increase in the minimum dropout age is an unanticipated shock which may
occur after a woman has made many of her decisions regarding her optimal fertility. For
instance, a surprise change to the minimum dropout age from 17 to 18 cannot alter the pre-
17 sexual behavior of those aged 17 at the time of the change to the minimum dropout age.
On the other hand, had the policy change been pre-announced, the same woman may have
changed her pre-17 sexual behavior to reﬂect her knowledge of the eﬀects of the policy upon
her. In general, we would argue that interventions aﬀecting school entry are more tightly
linked to the theoretical models developed in the literature, for which anticipated lifetime
income plays an important role (for a summary, see Hotz, Klerman and Willis 1997), than
are interventions aﬀecting school exit.
Despite the diﬀerences between our estimates and other quasi-experimental studies in this
area, our results are consistent with much of the literature examining the eﬀectiveness of teen
68Since such a policy mechanically aﬀects fertility, it is diﬃcult to relate fertility eﬀects to the existing
theoretical literature, which emphasizes behavioral relationships.
69The combined eﬀect of age and education on infant health may nonetheless be of interest as a means of
evaluating school exit policies.
35pregnancy prevention programs. Arguably, teenagers targeted in these interventions are more
comparable to our sample than the Currie and Moretti (2003) sample. Several meta-analyses
synthesizing the results from both randomized controlled trials and observational studies
suggest that these interventions have a limited impact on adolescent behavior regarding
sexual intercourse, birth control, and pregnancy (DiCenso, Guyatt, Willan and Griﬃth 2002,
Bennett and Asseﬁ 2005).70
VII. Conclusion
We have argued that, for some women, education may play a more muted role in fertility
and child investment decisions than suggested by the previous literature. Our evidence is
based on comparisons of outcomes between women born just before and after the school
entry date. Compared to women born just before the school entry date, women born just
after the entry date (i) have substantially lower schooling, as expected, (ii) are equally
likely to become mothers, (iii) give birth at similar ages, and (iv) give birth to similarly
healthy infants. That we do not document diﬀerences in infant health is surprising, given the
assortative mating results: school entry policies lead to economically important diﬀerences
in the age and education of a woman’s mate. These comparisons are credible to the extent
that confounders are smooth in day of birth. On prior grounds we ﬁnd it credible that
two individuals born near in time are exchangeable. To substantiate this point, we have
provided evidence that measured pre-determined characteristics are similar for women born
just before and after the school entry date.
Our estimates are speciﬁc to the subpopulation of women whose education at motherhood
70Corcoran, Miller and Bultman (1997) conclude that there is some evidence of small eﬀects of adolescent
pregnancy prevention programs on teenage pregnancy. However, these results are driven by estimates from
community-based programs rather than from school-based programs, which are more relevant for our study.
Moreover, the observational studies included in the analysis are responsible for the statistically signiﬁcant
combined eﬀect, and consistent with Guyatt, DiCenso, Farewell, Willan and Griﬃth (2000), the estimated
eﬀect size from observational studies greatly exceeds that from randomized controlled trials. It should be
noted that in most of these evaluations, particularly the randomized controlled trials, the control group
received some sexual education while the treatment group underwent more extensive training.
36is aﬀected by school entry policies. These women may be negatively selected, for several
reasons. First, their parents were willing to comply with school entry policies, as is more
common among parents with low income. Second, school entry policies aﬀect education at
motherhood for those women giving birth at young ages with low education generally. Thus,
these results may be diﬃcult to generalize to other subpopulations.71
On the other hand, this may mean that our results are relevant for speciﬁc policies. The
National Campaign to Prevent Teen Pregnancy, a non-proﬁt and non-partisan initiative,
emphasizes the importance of schooling in reducing rates of teenage pregnancy. Our results
suggest that such emphasis may be misplaced. When policymakers envision expensive inter-
ventions to raise female education, they should think carefully of how they expect increases
in education to improve well-being, particularly with teenagers.
Finally, these estimates directly address the fertility and infant health consequences of
starting school early. Parents of children with birthdays near the school entry date may be
interested in these ﬁndings, particularly if they view their child as at risk of dropping out of
school. Moreover, there continues to be an active policy debate regarding the appropriate
age at school entry, and several states have changed the school entry date to earlier in the
year in order to raise the average age of kindergartners. Our results suggest that even if
moving back the entry date does succeed in improving the preparedness of children for an
increasingly intensive kindergarten curriculum, such a policy shift is not without costs and
may create both winners and losers.
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43Figure 1. Education at Motherhood, by Day of Birth: 












-184 -161 -138 -115 -92 -69 -46 -23 0 23 46 69 92 115 138 161 184

















































-184 -161 -138 -115 -92 -69 -46 -23 0 23 46 69 92 115 138 161 184





































 Figure 2. Education Discontinuities, by Age: 
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 Figure 5. Maternal Age, by Day of Birth: 
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 Figure 6. Incidence of Low Birthweight, by Day of Birth: 
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 Figure 7. Incidence of Prematurity, by Day of Birth: 









-184 -161 -138 -115 -92 -69 -46 -23 0 23 46 69 92 115 138 161 184








































-184 -161 -138 -115 -92 -69 -46 -23 0 23 46 69 92 115 138 161 184































 Table 1. Descriptive Statistics 

















% Mothers White Non-Hispanic 36.09 39.15 38.71 42.96 45.22 39.78
% Mothers White Hispanic 45.25 41.26 43.64 41.90 39.47 40.66
% Mothers Black 7.19 6.81 13.88 12.32 12.12 19.25
% Mothers Asian 10.70 12.07 2.49 2.56 2.95 0.14
% Mothers Other  0.79 0.72 1.29 0.27 0.26 0.20
Mother's education (years) 11.83 12.37 11.64 11.93 12.19 11.26
[3.51] [3.20] [1.69] [3.06] [2.93] [1.86]
Mother's age (years) 27.19 24.79 19.17 25.86 23.44 19.01
[6.17] [6.09] [2.31] [5.98] [5.66] [2.32]
% Low birth weight (<2500 grams) 4.92 5.82 6.15 5.90 7.01 7.88
%  Premature (<37 weeks of gestation) 9.25 9.16 9.95 9.00 9.13 10.39
NA NA NA 5.71 5.70 6.70
% Mothers smoking during pregnancy 2.03 1.58 2.90 7.80 6.33 8.48
% Mothers drinking during pregnancy NA NA NA 1.18 1.03 0.97
% Mothers with STDs 1.34 1.52 1.68 2.24 2.60 3.81
% Mothers with prenatal care 98.84 99.06 99.06 97.37 97.83 98.02
% Prenatal care began in 1st trimester 79.04 81.06 74.17 75.01 76.60 69.14
Number of prenatal care visits 11.39 11.75 11.41 10.91 11.21 10.80
[4.13] [4.08] [4.08] [4.51] [4.46] [4.36]
% Father present 90.97 89.42 84.14 84.03 80.44 69.27
Father's age (years) 30.00 27.85 22.16 29.05 26.81 22.16
[6.97] [6.94] [4.18] [6.71] [6.5] [4.18]
Father's education (years) 11.89 12.30 11.51 12.32 12.60 11.69
[3.82] [3.66] [2.72] [3.21] [2.99] [1.96]
% Having first birth 39.57 100.00 100.00 40.91 100.00 100.00
Observations 7,515,248 2,973,566 697,572 4,003,275 1,637,607 564,217
Notes: Mothers with missing education, parity, or birth date values or non-singleton births are excluded.  The native
subsample includes only mothers born in that state.  Father's presence is measured by the presence of his educational
attainment and birthdate on the birth certificate.  Standard deviations in brackets.  
Infant mortality rate (deaths before 1 
year/1000 births)Table 2. Effects of School Entry Policies: 
First-Stage and Reduced-Form Estimates
California Texas
Maternal Characteristics Maternal Characteristics
-0.1499 -0.0036  0.0052 -0.2347 -0.0067  0.0481
 (0.0201)  (0.0050)  (0.0421)  (0.0119)  (0.0034)  (0.0522)
Birth Outcomes Birth Outcomes
-0.0003 -0.0000 NA -0.0043 -0.0018  0.0013
 (0.0022)  (0.0031)  (0.0025)  (0.0031)  (0.0010)
Risky Maternal Behaviors Risky Maternal Behaviors
 0.0034 NA  0.0019 -0.0012 -0.0021  0.0007
 (0.0013)  (0.0011)  (0.0030)  (0.0009)  (0.0022)
Prenatal Care Prenatal Care
 0.0000 -0.0025 -0.0169  0.0021 -0.0114 -0.0841
 (0.0010)  (0.0055)  (0.0407)  (0.0012)  (0.0043)  (0.0496)
Paternal Characteristics Paternal Characteristics
 0.0003 -0.1464 -0.1072 -0.0001 -0.2252 -0.0925
 (0.0039)  (0.0302)  (0.0235)  (0.0047)  (0.0533)  (0.0224)
Notes:  Table gives estimated discontinuities in the specified outcome in mother's birthday
at the school entry date. Group-level standard errors in parentheses.  For details on sample 
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DeathTable 3. Effects of Female Education on Infant Health
Low Birthweight 0.0022  0.0183  0.0126 
 (0.0149)  (0.0111)  (0.0089)
[0.75]
Prematurity 0.0002 0.0076  0.0055 
 (0.0209)  (0.0133)  (0.0112)
[0.09]
Infant Death NA    -0.0055  NA   
 (0.0042)
Notes: Delta-method group-level standard errors in parentheses.  Test of overidentifying 
restrictions (distributed chi-square with 1 degree of freedom under the null) reported in 
brackets for pooled estimates.
California Texas PooledTable 4. Tests of Overidentification: 




Hispanic Black Black* Birthweight* Prematurity*
-0.0033 -0.0015 -0.0003  -0.0008  -0.0029 
(0.0105) (0.0038) (0.0033) (0.0013) (0.0063)
Grandparental Characteristics*
Native Child Age at Childbirth
Born Parity Mortality Mother Father
0.0027 0.0095 0.0018 0.0388 0.0692




Hispanic Black Black* Birthweight* Prematurity*
0.0055 0.0025 0.0021 0.0004 -0.0078 
(0.0056) (0.0042) (0.0023) (0.0031) (0.0050)
Grandparental Characteristics*
Native Child Age at Childbirth
Born Parity Mortality Mother Father
-0.0001 0.0027 0.0006 -0.0175  -0.0357 
(0.0074) (0.0161) (0.0015) (0.0399) (0.0578)
Notes: Table presents estimated discontinuities in baseline characteristics
using information on all first-time mothers in our main data, as well as the
1969-1988 public-use Natality Detail Files.  Estimates from public-use files
indicated by asterisk. Group-level standard errors in parentheses.Table 5. Heterogeneity in Effects 
of School Entry Policies
By Race/Ethnicity By Age
A. California
Education -0.1426 -0.1680 -0.1239 -0.2854 -0.1122
 (0.0194)  (0.0225)  (0.0305)  (0.0315)  (0.0154)
Low Birth Weight -0.0063 -0.0010  0.0123 -0.0010 -0.0007
 (0.0029)  (0.0021)  (0.0071)  (0.0040)  (0.0022)
Prematurity  0.0027 -0.0055 -0.0033 -0.0055  0.0009
 (0.0036)  (0.0041)  (0.0090)  (0.0050)  (0.0028)
B. Texas
Education -0.2700 -0.2376 -0.2037 -0.3839 -0.1868
 (0.0184)  (0.0179)  (0.0237)  (0.0173)  (0.0202)
Low Birth Weight -0.0053 -0.0053  0.0022  0.0010 -0.0060
 (0.0026)  (0.0044)  (0.0059)  (0.0049)  (0.0021)
Prematurity -0.0016 -0.0054  0.0054 -0.0022 -0.0014
 (0.0034)  (0.0041)  (0.0059)  (0.0064)  (0.0022)
Notes:  Group-level standard errors in parentheses.  Bandwidth of 70 days.
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Education, CA Education, TX
Low Birth Weight, CA Low Birth Weight, TX
Prematurity, CA Prematurity, TXAppendix Table 1. Bandwidth Selection
California Texas
Left Right Left Right
Maternal Characteristics
Schooling 103 47 101 46
Probability of Motherhood 71 57 58 56
Mother's Age 62 111 58 77
Birth Outcomes
Low Birthweight 98 85 76 88
Prematurity 94 69 79 91
Infant Death NA NA 72 91
Risky Maternal Behaviors
Mother Smokes 52 88 144 93
Mother Drinks NA NA 81 58
STDs 81 52 79 71
Prenatal Care
Any Care 108 80 159 71
Care in First Trimester 102 61 76 64
Number of Visits 73 63 71 117
Paternal Characteristics
Father Present 123 63 78 68
Father's Age 104 64 87 90
Father's Education 84 79 91 68
Note: Table presents automatic bandwidth estimates.  See text for 
discussion.